For many complex diseases, study has suggested that the disease genes in uence not only the occurrence of the disease, but also the age of onset. Current methods in linkage analysis are mainly concentrated on a ected relative pairs or a ected family members, and age of onset information is either ignored or is taken into account by specifying age-dependent penetrances for liability classes. In fact, a ected relatives with di erent ages of onset may be the result of di erent genetic etiologies and una ected relatives are censored at the study time. Therefore, incorporation of age of onset and including contrasts between a ected and una ected pedigree members are important components of e ective analysis for the detection of linkage with genetic markers. We use multiple markers to infer the inheritance vector in order to extract information about the inheritance pattern of the disease allele in a pedigree. For a given inheritance vector, we de ne two neighbor sets for each individual based on allele identical by descent (IBD). We then use the within-set and between-sets conditional hazard ratios to characterize the dependence of age of onset among relatives. A pseudolikelihood ratio test is proposed for testing linkage. Simulated and real data sets are used to illustrate these new statistical methods. 
SUMMARY
For many complex diseases, study has suggested that the disease genes in uence not only the occurrence of the disease, but also the age of onset. Current methods in linkage analysis are mainly concentrated on a ected relative pairs or a ected family members, and age of onset information is either ignored or is taken into account by specifying age-dependent penetrances for liability classes. In fact, a ected relatives with di erent ages of onset may be the result of di erent genetic etiologies and una ected relatives are censored at the study time. Therefore, incorporation of age of onset and including contrasts between a ected and una ected pedigree members are important components of e ective analysis for the detection of linkage with genetic markers. We use multiple markers to infer the inheritance vector in order to extract information about the inheritance pattern of the disease allele in a pedigree. For a given inheritance vector, we de ne two neighbor sets for each individual based on allele identical by descent (IBD). We then use the within-set and between-sets conditional hazard ratios to characterize the dependence of age of onset among relatives. A pseudolikelihood ratio test is proposed for testing linkage. Simulated and real data sets are used to illustrate these new statistical methods.
INTRODUCTION
The purpose of linkage analysis is to extract all available inheritance information from pedigrees and to test for cosegregation of genetic markers with the disease. The most widely used parametric approach is the parametric LOD-score method where a speci c mode of inheritance for a trait-causing gene is assumed. However, parametric linkage analysis can be highly sensitive to misspeci cation of the linkage model (Clerget-Darpoux et al. 1986 ). Model misspeci cation may occur in studying complex human diseases. An alternative approach is nonparametric methods which are concentrated on a ected relative pairs or a ected family members (Weeks & Lange 1988 , 1992 Kruglyak et al. 1996) . These methods are based on allele sharing identical by descent (IBD) or identical by state (IBS), and involve testing whether the inheritance pattern deviates from expectation under that assumption of no linkage.
Moderate-sized pedigrees are used in most complex-disease studies. Comparing to multigenerational pedigrees, such pedigrees are easier to collect for diseases characteristized by late onset. Data of moderate-sized pedigrees often include marker information from una ected pedigree members. Marker information on una ected individuals is mainly used to infer the IBD sharing among a ected relatives or to infer parental genotypes in linkage analysis methods such as APM methods of Weeks & Lange (1982) or the NPL statistic of Kruglyak et al. (1996) . Analyzing sharing among a ected pairs only can reduce the power without using the information available in una ected individual. For example, Ward (1994) extended the a ected-pedigree-member method to include contrasts between a ected and una ected pedigree members, utilizing marker information from all typed pedigree members rather than just the typed a ected members. He indicated some increase in power of detecting linkage.
The problem of age of onset is important for linkage analysis using disease status data of both a ected and una ected individuals. For many complex diseases, studies have suggested that the disease genes in uence not only the occurrence of the disease, but also the age of onset. In fact, a ected relatives with di erent ages of onset may be the result of di erent genetic etiologies and una ected relatives are censored at the study time. This makes it possible for some of the una ected siblings to share the disease gene with the a ected siblings, but the una ected may be too young to exhibit the trait. Holmans & Clayton (1995) studied the e ciency of typing una ected relatives in an a ected-sib-pair linkage study and concluded that typing an una ected sibling gave only a small increase in power. However, their paper did not address the extent to which the power increase yielded by typing una ected siblings is reduced by not taking the age of una ected individuals into account.
Incorporating age of onset data into linkage analysis can potentially increase the statistical power for detecting linkage. For LOD score methods, a number of studies (Morton & Kidd 1980; Haynes et al. 1986 ) have evaluated the e ects of failure to correct for age of onset on standard LOD score linkage analysis. Their ndings emphasized that adjustment for variable age of onset is an important component of e ective linkage analysis. Methods of sib-pair linkage analyses were extended to incorporate age of onset and age at examination information by Dawson et al. (1990) and Flanders & Khroury (1991) on sibship data. Simulation studies from both papers show substantive gains in power when data related to age of onset and age at examination are incorporated into the analysis. However, both extensions are only valid for analysis of single markers and for siblings' data only. Commenges (1994) developed a robust genetic linkage analysis approach based on a pair-wise score test of homogeneity. This method can be used for age of onset data by using the residuals. However, his test statistic, as well as the statistics of Dawson et al. and Flanders & Khroury, is based only on IBD sharing in pairs. We would expect increased power of detecting linkage with statistics that considering several relatives sharing the same allele IBD each than pair of them sharing some allele IBD.
Taking into account the age of onset requires using survival analysis concepts, and several methods have been developed to model the age of onset data in familial diseases. Abel & Bonney (1990) developed a model accounting for variable age of onset where the hazard function is expressed in terms of a major gene e ect and residual family dependence using the regressive logistic approach of Bonney (1986) . , Li & Thompson (1997) and Li et al. (1998) developed semiparametric models for modeling age of onset data using the frailty model framework of Clayton & Cuzick (1985) . Hsu & Zhao (1996) proposed to use the estimating equations for assessing familial aggregation of age of onset.
Pseudolikelihood has been used when the true likelihood is di cult to evaluate, or is unknown because the joint distribution of data is not speci ed. Besag (1975 Besag ( , 1977 proposed to use pseudolikehood estimation for simple Gaussian elds, where the pseudolikehood was de ned as the product of each point conditional upon its neighbor. Liang et al. (1993) used pseudolikelihood estimation in modeling marginal hazards in multivariate failure time data, where each term in the pseudolikelihood represents the probability that an individual in the sample fails conditional on the event that either that individual or one other individual randomly selected from the population at risk, fails. Rabinowitz (1996) proposed a pseudolikelihood approach to correct for ascertainment bias in family studies, where the pseudolikelihood contains a term for each ascertainment event. We de ne a pseudolikelihood for linkage analysis with age of onset data and propose a pseudolikelihood ratio test.
The goal of this paper is to incorporate the age of onset information into multipoint linkage analysis of moderate-sized pedigrees using the idea of an inheritance vector (Lander & Green 1987; Rabiner 1989; Kruglyak et al. 1996; Whittemore & Halpern 1994 ). We will use multipoint inheritance vectors, which depend only on the genetic markers, to extract information about the inheritance pattern of a disease gene in a pedigree. We also use the concept of conditional hazard ratio (Clayton & Cuzick 1985; Oakes 1989; Hsu & Zhao 1996) to assess linkage to a given inheritance pattern (which depends only on the nature of the trait and age of onset). The pseudolikelihood method will be used for testing linkage. In the following, we rst give a brief review of the inheritance vector and its distribution, we then state a pseudolikelihood ratio test for linkage. Finally, we illustrate the new methods with simulated and real data.
MATERIAL AND METHODS
Inheritance Vector and its Distribution
Let m denote the number of individuals in a pedigree with f founders. These founders are assumed to be unrelated, and carry 2f alleles that are distinct by descent. The individuals have been typed for L markers at loci l 1 ; ; l L in the chromosomal region which we are interested in. Let l be a locus in the genome, and let v(l) For a given locus l, the inheritance vector v(l) completely speci es which of the 2f distinct founder alleles at the locus l are inherited by each of the nonfounders, and therefore, speci es the allele sharing among all the individuals within a family. In practice, because of the fact that markers are not always 100% informative and missing marker data, the inheritance vector is not always known with certainty at every point in the chromosomal region which we are interested in. However, the distribution of inheritance vector conditional on the genotypes at all marker loci, pr(v(l)jmarker), can be calculated by use of Hidden Markov models (Lander & Green 1987; Rabiner 1989; Kruglyak et al. 1996) . Kruglyak et al. (1996) proposed to use the multipoint inheritance distribution and the score statistics of Whittemore & Halpern (1994) for nonparametric multipoint linkage analysis (NP L ALL analysis) and implemented this in a computer package, GENEHUNTER. The score statistic of Whittemore & Halpern (1994) is the average number of permutations that preserve a collection of alleles obtained by choosing one allele from each a ected person; it gives increasing larger weight as the number of a ected individuals sharing a particular allele increases (Whittemore & Halpern 1994; Kruglyak et al. 1996) . We present a new pseudolikelihood ratio statistic to determine whether the inheritance information indicates the presence of a trait-causing gene.
Marginal Survival Model and Conditional hazard Ratio
Consider a family with m individuals. As commonly practiced in survival analysis, each individual is considered as being at risk of contracting disease. If the individual is already a ected, then his or her age at onset is recorded as the de ning endpoint to his or her period of risk. If the individual is not a ected at the time of last follow-up, we consider this person is still at risk and will become a ected in the future, unless he or she dies from another cause before onset of the disease. Let T i be the age of onset of the disease for the ith individual. We only observe X i = min(T i ; C i ), where C i is either age at last follow-up or age at death. We assume a marginal hazard function
for the ith individual in the family, where z i is the vector of observed covariates, and is the marginal risk ratio parameter associated with the covariates. The marginal survival function S i (t) is equal to exp(? i (t)), where i (t) = R t 0 (s)ds is the cumulative hazard function. In practice, samples of families for linkage studies are biased towards multiple a ected individuals, rather than random samples from the population. Therefore, it is di cult to estimate the baseline hazard function from the samples used for linkage studies. However, an estimate of the baseline age of onset hazard rate is often available from epidemiologic studies before linkage analysis; therefore, we assume that 0 (t) is known. If we wish to adjust for covariate risk factors in linkage analyses, parameter estimates of can be obtained using the method of Liang et al. (1993) without specifying any association model.
We assume markers have no direct e ects on disease and there is no linkage disequilibrium. In this case, marker data do not contribute directly to the disease risk, but rather introduce the dependency among the family members through linkage. The proposed methods in this paper are based on the notion that, for traits that are partly or completely genetically determined, the fundamental basis of phenotypic similarity among relatives is the sharing of the same genes. More speci cally, for individuals j; k who share at least 1 marker allele IBD, let (t j ; t k ) =
be the conditional hazard ratio (Oakes 1989; Hsu & Zhao 1996) , where the conditional hazard T j jT k (t j jT k = t k ) is the conditional hazard of the individual j being a ected at age t j , given that the relative k gets a ected at age t k , and the conditional hazard T j jT k (t j jT k > t k ) is de ned in a similar fashion. Thus (t j ; t k ) measures the increased risk of disease for individual j if his relative k with whom he shares at least one marker allele IBD has the disease rather than being disease free at a given age t k . We assume that parameter does not depend on which allele they share. Parameter is a nonlinear function of the Hardy-Weinberg frequencies and the age-dependent penetrances of the alleles at the trait locus.
Neighbor Sets and Joint Survival Functions
For a given inheritance vector v(l) = w at locus l, let A k be the set of individuals sharing a particular founder allele k, for k = 1; ; 2f. These sets fully determine the IBD con guration shared by individuals within the family. Notice that the sets of individuals who inherited the k1th and k2th founder alleles A k1 and A k2 may overlap, and each individual is included in exactly two such sets assuming no consanguinity. This makes it di cult to work with these sets directly and to write down the likelihood function. Here we take a pseudolikelihood approach in the spirit of Besag (1975 Besag ( , 1977 . For each individual i with alleles i1; i2 at locus l, we de ne a neighbor set B i1 to be the set of all individuals who share allele i1 IBD with individual i, and a neighbor set B i2 to be the set of all individuals who share allele i2 IBD with individual i. Individuals who share both alleles IBD with individual i are randomly assigned to either neighbor sets. Notice that there is no overlap between the two neighbor sets B i1 and B i2 ; this disjoint property of the two neighbor sets is important for our de nition of pseudolikelihood. Let 1 be the conditional hazard ratio for individuals in the neighbor set B ij , for i = 1; ; m; j = 1; 2. This parameter is used as a global measurement of association for individuals who share at least one marker allele IBD. For a given neighboring set, if the ages of onset for a ected individuals in the set are all early, we would expect to have a larger 1 , as compared to the neighboring set where some a ected individuals are early-onset and some a ected individuals are late-onset.
Let T ijk denote the age of onset for individual k in the neighbor set B ij , for i = 1; ; m, j = 1; 2 and k = 1; ; n ij , where n ij is the the number of individuals in set B ij . Let S(t ij ) = pr(T ij1 > t ij1 ; ; T ijn ij > t ijn ij ) be the joint survival function for the neighbor set B ij , with t ij denoting the vector (t ij1 ; ; t ijn ij ) T 
where S ijk is the marginal survival function for the kth individual of the set B ij (Clayton & Cuzick 1985; Genest & MacKay 1986; Oakes 1989; Hsu & Zhao 1996) . This function converges to Q S ijk when 1 ! 1, and converges to min(S ijk ) when 1 ! 1. Taking into account censoring, the joint density function is given by the following equation (3) P ij (t ij ; 1 ) = 
where d ij is the number of a ecteds in the set B ij .
Notice that individuals in neighbor sets B i1 and B i2 are potentially dependent due to sharing of another allele or due to shared environmental e ects. To accommodate this dependency, let 0 be the conditional hazard ratio for sets B i1 and B i2 , which measures the association for two members of di erent sets B i1 and B i2 . Then the survival probability S i (t i ) = pr(T i11 > t i11 ; ; T i1n i1 > t i1n i1 ; T i21 > t i11 ; ; T i2n i2 > t i2n i2 ) for all individuals of the ith neighbor B i = B i1 B i2 can be written as S i (t i ; 0 ; 1 ) = 
with t i denoting the vector (t T i1 ; t T i2 ) T and S ij (t ij ; 1 ) de ned by equation (2). This joint survival function constructed by a recursive nesting of univariate frailty-type distributions is studied in details in Bandeen-Roche & Liang (1996) , and is valid only when B i1 \ B i2 = ;.
The joint survival function (4) imposes the constraint that the between-sets association does not exceed the within-set association, i.e., 0 1 (Bandeen-Roche & Liang 1996). Accounting for censored observations in the usual way, we can write down the joint probability of observing the ages of onset (t 1 i ) and ages at censoring (t 0 i ) data for the individuals in the ith neighbor set, P i (t i ; 0 ; 1 ) = @S i (t i ; 0 ; 1 ) @t 1 i ;
by using the chain rule of the higher-order derivatives (Field 1976 ; see also the appendix of Bandeen-Roche & Liang 1996).
Pseudolikelihood Ratio Test
For a given family of size m and a given inheritance vector w, a pseudolikelihood in the spirit of Besag (1975 Besag ( ,1977 
where P i is the probability of observing the ith neighbor data as de ned by equation (5), t denotes the vector of age of onset or age at censoring for this family, and the product is over all individuals in this family. Taking into account the uncertainty of inheritance vector w,the expected pseudolikelihood is PL(t; 1 ; 0 ) = 
Finally, a pseudolikelihood based on a sample of n independent pedigrees is de ned as L n (t; 0 ; 1 ) = n Y j=1 PL j (t; 1 ; 0 );
where PL j (t; 1 ; 0 ) is de ned by equation (7) for the jth family. Further, let l n (t; 1 ; 0 ) = log L n (t; 1 ; 0 ) be the logarithm of the pseudolikelihood. Under the null hypothesis of no linkage, we would expect that the between-sets conditional hazard ratio to be the same as the within-set conditional hazard ratio, i.e., 1 = 0 . The joint survival function of the neighbor B i (equation (4) Parameter estimates can be obtained by maximizing the pseudolikelihood under the null and alternative hypotheses. We call them the maximum pseudolikelihood estimators (MPLE). The consistency of MPLE is proved in the Appendix. As pointed out by White (1980) , in computing the standard errors for the maximum pseudolikelihood estimates, it is not valid to proceed exactly as if the pseudolikelihood were a likelihood, due to the fact that the covariance matrix is not in general equal to the information matrix de ned by the expected matrix of mixed partials of the log pseudolikehood. As such, the pseudolikelihood ratio statistic is not asymptotically distributed as a simple 2 distribution, and the familiar asymptotic equivalence of the Wald score statistic to the likelihood ratio statistic breaks down.
We reparameterize the parameters ( 0 ; 1 ) A sketch of the proof of this theorem and a consistent estimator of c, denoted here byĉ, is given in the Appendix. Based on Theorem 1, we can compareĉ ?1 n with the 2 1 for the signi cance of testing genetic linkage.
EXAMPLES AND RESULTS
The following hypothetical examples illustrate the methods and show the possible advantage of incorporating age of onset in the linkage analysis. In practice, one would not attempt to evaluate linkage with such meager data. The p-values are based on large sample 2 approximation, which may not be valid since we have only one pedigree.
Example 1 (tight linkage): We simulated a dominant major gene segregating in pedigree shown in Figure 1 , and marker data tightly linked to the disease locus with recombination fraction of 0. Assume a biallelic disease gene with allele A being the high risk allele and a being the normal allele. A dominant genotype-dependent Weibull hazard function is de ned as (t) = t ?1 g (t); where g (t) is a genetic relative risk, which has the value 1 for non-carriers of the high-risk allele (i.e. genotype aa), and value (t) for carriers of the high-risk allele (i.e. genotype AA or Aa), and are the shape and scale parameters of the Weibull distribution. This model is a parametric version of the model of and Li et al. (1998) . We take ( ; ; ) = (3:0; 4:5 10 ?10 ; 4:8), which gives a mean age of onset of 81 for non-carriers. Let f A = 0:05 be the disease allele frequency. We generated age of onset data based on this model and generated age at censoring as a minimum of calendar age and age at death. Here for simplicity we assume di erent founders carrying di erent marker alleles; in this case, the inheritance vector is uniquely de ned. Table 1 shows the disease genotype (g), the disease status ( ), age at onset or age at censoring and the marker data. As an example, for individual 1, the two neighbor sets are B 11 = f6; 8; 13; 15g and B 12 = f4; 5; 9g. The maximum log(L(t; 0 ; 1 )) = ?267:86 at ( 1 ; 0 ) = (8:00; 1:51). Clearly the conditional hazard ratio within neighbor sets is much larger than the conditional hazard ratio between the neighbor sets, suggesting possible linkage with the marker. Under the null hypothesis of no linkage, maximum log(L 0 (t; 0 )) = ?289:85 at 0 = 3:41. Furthermore,ĉ ?1 2 log =21.80 (p-value=0.0000015), indicating a strong linkage. As a comparison, the NPL All score from GENEHUNTER is 3.30 with a p-value of 0.03.
Example 2 (no linkage): We kept the disease status and the age of onset data the same as the previous example, but this time we simulated another set of marker data unlinked to the disease gene. Table 1 shows these marker data. Figure 2 (c) and (d) show the pseudolikelihood plots under the alternative and the null hypothesis. The maximum log(L(t; 0 ; 1 )) = ?255:44 at ( 1 ; 0 ) = (3:00; 2:50); the conditional hazard ratio within neighbor sets and the conditional hazard ratio between the neighbor sets are close. Under the null hypothesis of no linkage, maximum log(L 0 (t; 0 )) = ?256:07 at 0 = 2:46. Furthermore,ĉ ?1 2 log =0.54 (p-value=0.23), indicating no linkage. As a comparison, the NPL All score from GENEHUNTER is -0.87 with a p-value of 0.89, also indicating no linkage.
Example 3 (Breast cancer): Figure 3 shows a breast cancer pedigree studied by Hall et al. (1990) . Genotypes for marker D17S74 on chromosome 17q21 are known. Since no data for males in this pedigree were available, for each individual, the neighbors includes only the female relatives. The hazard and cumulated hazard functions of breast cancer were obtained from the National Cancer Institute's Surveillance, Epidemiology and End Results (SEER) program (Ries et al. 1994 ). We obtainedĉ ?1 2 log =1.11 (p-value=0.15), indicating no linkage. As a comparison, the lod score estimated with the LIPED program at recombination fraction 0.001 is -0.04 (Table 1 of Hall et al. 1990) , and the NPL A ll score from the GENEHUNTER is 0.17 with p-value=0.25, both methods also indicate no linkage.
DISCUSSION
The consideration of age of onset in complex diseases appearing along the life cycle should better re ect the process of disease expression than does constant penetrance functions. In order to take into account age of onset information in linkage analysis, we de ned two neighbor sets for each individual in the family based on allele IBD at di erent loci cross the chromosomes, and used the between neighbor sets conditional hazard ratio and the within neighbor sets conditional hazard ratio to characterize the dependency of age of onset within a family. Our approach of testing for linkage builds on the work of Kruglyak et al. (1996) . A pseudolikelihood ratio test was proposed for testing linkage. Unlike the currently used a ected relative pair or a ected pedigree member methods, this new method utilizes a ection information, age of onset or age at censoring information and marker information from all typed pedigree members, rather than just the typed a ected members. Unlike the traditional parametric LOD score approach for linkage analysis of age of onset data, no speci c genetic model and no speci c age of onset distribution are assumed for our proposed methodology. Our approach can also be used to incorporate environmental risk factors.
The neighbor sets de ned in this paper can be modi ed for other situations. First, missing age of onset is very common in linkage studies, especially for age with delayed age of onset. The neighbors can be modi ed to include only individuals with known age of onset or age of censoring. Second, for sex-speci c diseases such as prostate cancer or breast cancer, the neighbors can be modi ed to include only male or female relatives, as we did in example 3. Third, in our de nition of neighbor sets, individuals who share two alleles IBD with the index individual are randomly assigned to one of the two sets, and do not di er from individuals who share only one allele IBD with the index individual. This approach may have limited power for recessive mechanisms. An alternative is to de ne a third neighbor set including individuals who share two alleles IBD with the index individual and introduce another conditional hazard ratio for individuals in this set. The proposed method is expected to work equivalently well for additive and intermediate modes of inheritance.
Although pseudolikelihood has been reported in the statistical literature, it is mainly used for parameter estimation, rather than hypothesis testing. The pseudolikelihood ratio test proposed in this paper is quite general and can be used for other linkage analysis methods, e.g., this general result can be used for likelihood-based methods for genetic linkage analysis proposed by Olson (1997) to allow for correlated a ected sib pairs.
Similar to GENEHUNTER, our proposed approach is best suited to linkage analysis of a large number of pedigrees of moderate size. Small pedigrees with only two individuals such as sib pairs do not provide any information to the proposed pseudolikelihood ratio statistic, since in this case the neighbor set is either null or includes only one individual. For sib pairs data, we would suggest the use of sib-pair analysis (Kruglyak & Lander 1995) . As discussed in Kruglyak et al. (1996) , calculations of the inheritance vector by use of Hidden Markov models can handle pedigrees with 2m ? 3f 16, or approximately a dozen nonfounders.
For large and complex pedigrees, Monte Carlo sampling of the latent inheritance vectors using the Metroplis algorithm (Metropolis et al. 1953) , or improved Hastings-Metropolis algorithms (Hastings 1970) , can be used to obtain the estimated pseudolikelihood ratios for testing genetic linkage (Sobel & Lange 1993; Thompson 1994 ). We will communicate this method in another report.
In summary, we proposed and implemented a new statistical methodology for incorporating age of onset into linkage analysis. These methods integrate multivariate survival analysis methods with the concept of multipoint inheritance vector, and incorporate both una ected disease status data and ages of onset or ages at censoring into test statistic. C programs to implement the methods outlined in this paper are in development and will be made available by the authors at a future date. Power comparisons by simulation of our proposed statistics with other statistics, such as the NPL All statistic, is a subject for future study.
Similar to (A1), using the rst order Taylor expansion, we have Figure 3: Breast cancer family 10 of Hall et al. (1990) . Blackened symbols indicate women with breast cancer. Genotypes for D17S74 and age of onset or age at censoring are shown under each individual's symbol.
